cardiac arrest (cA) may occur due to a variety of causes with heterogeneity in their clinical presentation and outcomes. this study aimed to identify clinical patterns or subphenotypes of cA patients admitted to the intensive care unit (icU). the clinical and laboratory data of cA patients in a large electronic healthcare database were analyzed by latent profile analysis (LPA) to identify whether subphenotypes existed. Multivariable Logistic regression was used to assess whether mortality outcome was different between subphenotypes. A total of 1,352 CA patients fulfilled the eligibility criteria were included. The LPA identified three distinct subphenotypes: Profile 1 (13%) was characterized by evidence of significant neurological injury (low GcS). Profile 2 (15%) was characterized by multiple organ dysfunction with evidence of coagulopathy (prolonged aptt and inR, decreased platelet count), hepatic injury (high bilirubin), circulatory shock (low mean blood pressure and elevated serum lactate); Profile 3 was the largest proportion (72%) of all CA patients without substantial derangement in major organ function. Profile 2 was associated with a significantly higher risk of death (OR: 2.09; 95% CI: 1.30 to 3.38) whilst the mortality rates of Profiles 3 was not significantly different from Profile 1 in multivariable model. LPA using routinely collected clinical data could identify three distinct subphenotypes of CA; those with multiple organ failure were associated with a significantly higher risk of mortality than other subphenotypes. LPA profiling may help researchers to identify the most appropriate subphenotypes of CA patients for testing effectiveness of a new intervention in a clinical trial.
underlying causes, clinical characteristics, outcomes and also possibly response to treatment. Identifying the subphenotypes of ICU patients within a certain diagnostic group may represent a small step towards precision medicine. Recently, some sophisticated machine learning methods, such as latent profile/class analysis, have been employed to identify subphenotypes of ARDS, and suggested that these subphenotypes have different baseline clinical characteristics and response to fluid strategies 11, 12 . Similarly, CA patients also exhibit significant heterogeneity, and identification of subphenotypes may help to stratify patients who are most likely to benefit from potential therapies in a clinical trial.
To the best of our knowledge, no studies has been published about how we should classify CA patients into different subphenotypes and whether these subphenotypes are associated with different outcomes. We hypothesized that using latent profile analysis of routinely collected clinical data, we can identify subphenotypes of CA patients that are associated with different clinical outcomes. In this large database cohort study, we aimed to assess how many CA subphenotypes might exist, and describe how their clinical characteristics and outcomes were different.
Materials and Methods
Setting. A large US-based critical care database named Medical Information Mart for Intensive Care (MIMIC-III) was used for this study. The description of MIMIC-III is available elsewhere 13 . Briefly, the MIMIC-III database integrated de-identified, comprehensive clinical data of the patients admitted to the ICUs of Beth Israel Deaconess Medical Center in Boston, Massachusetts, from June 1st, 2001 to October 31st, 2012. There were 53,423 distinct hospital admissions for adult patients (aged 16 years or above) admitted to the ICUs during the study period. Since this study was an analysis of the third party anonymized publicly available database with pre-existing institutional review board (IRB) approval, further IRB approval from our institution was exempted. This study was reported according to the REporting of studies Conducted using Observational Routinelycollected health Data (RECORD) Statement 14 .
participants. ICU admissions with the diagnosis of cardiac arrest (ICD-9 code: 427.5) were identified for potential eligibility. For a patient with multiple ICU admissions, only the first admission was included in the analysis (e.g. each subject had a unique patient ID, by which duplicated cases could be excluded). Exclusion criteria included: (1) patients younger than 18 years old; (2) hospital stay longer than 200 days; and (3) elective admissions.
Demographical and laboratory variables. The following variables were extracted from the MIMIC-III database for the first day of ICU admission: age at the time of hospital admission, gender, admission type, ethnicity, type of ICU, urine output, Sequential Organ Failure Assessment (SOFA) score, use of vasopressors (including epinephrine, norepinephrine, dopamine and dobutamine), the lowest Glasgow coma score (GCS) and use of renal replacement therapy (RRT). SOFA score used in this study was calculated within the first 24 hours after ICU admission. If a variable was measured more than once in the first 24 hours, the value associated with the greatest severity of illness was used. For example, the lowest value of mean blood pressure (BP) and GCS reported in the first 24 hours were used in the study.
Laboratory variables such as lactate, activated partial thrombin time (aPTT), international normalized ratio (INR), sodium, potassium, creatinine, total bilirubin, platelet, hematocrit and bicarbonate were recorded for the first 24 hours after ICU admission. If there were multiple records of a test, the one associated with the greatest severity of illness was obtained. Vitals signs including mean BP, heart rate, respiratory rate, and body temperature were also extracted. The primary outcome of interest was hospital mortality, defined by the survival status of patients at hospital discharge. Secondary outcomes included length of stay (LOS) in ICU and hospital. Missing variables were common in the MIMIC-III database (Fig. 1) , and multiple imputations were performed to replace any missing data. We prespecified that variables with more than 50% missing values were excluded from modeling LPA. Multiple imputation was performed by the following steps 15 (1) Fit the data with appropriate model. The variables to be imputed were used as response variable and other relevant variables were used as predictors. We used predictive mean matching for continuous variables and Classification and regression trees for categorical variables. (2) Estimate missing data point using the fitted model in step 1. (3) Repeat the steps 1 and 2 for 5 times for each missing data point.
Latent profile analysis. Latent profile analysis (LPA) is a kind of unsupervised machine learning technique
that aims to recover hidden groups or patterns from observed data. It is similar to clustering techniques but is more flexible. Specifically, LPA is based on explicit modeling of the underlying data, allowing for the identified subgroups to be uncertain 17 . In our study, the observed data were laboratory tests and vital signs of CA patients recorded during the first 24 hours of ICU admission and the hidden groups were latent subphenotypes of CA. Variables included for LPA modeling is primarily based on domain knowledge and literature review, as well as the availability in the database. The key to successful LPA modelling was to choose the number of profiles. In this study, the number of profiles were determined by Bayesian information criteria (BIC), entropy and bootstrap likelihood ratio tests. Specifically, BIC was used to compare the models with different numbers of profiles and/ or specifying different parameterizations. Lower values of the BIC are indicative of a better model fit 18 . Entropy ranges from 0 to 1 with a higher value indicates higher classification utility. The Vuong-Lo-Mendell-Rubin Likelihood ratio test (LRT) was used to assess the number of mixture components in a specific finite mixture model parameterization, and p values were reported for the comparison of n-class model with (n-1)-class model 19 . A p-value of 0.05 was used to judge the statistical significance for the likelihood ratio test. Furthermore, because the number of patients should be sizable in each latent class, we pre-specified that the patient proportion in each subphenotype should not be less than 5% in any of the other latent classes 20 . The clinical interpretation was also considered when determining the number of latent classes.
Statistical analysis. Continuous variables were expressed as the mean (standard deviation) or median (interquartile range) as appropriate, and were compared between the different subphenotypes of CA using analysis of variance (ANOVA) 21 . The CBCgrps package was employed for the statistical description and bivariate inference 22 . Clinical outcomes such as the mortality, length of stay (LOS) in ICU and hospital were compared between latent subphenotypes.
Multivariable logistic regression was used to assess whether mortality outcome was different between different subphenotypes after adjusting for important covariates, including the SOFA score, age, ethnicity, type of ICU, mean BP and time era of the patients' admission (patients admitted from 2008-2012 versus those enrolled before 2008). All statistical analyses were performed using R package (version 3.4.3) and Mplus (version 7.4). A p-value less than 0.05 was considered to be statistically significant.
ethics approval and consent to participate. This study was an analysis of the third party anonymized publicly available database with pre-existing institutional review board (IRB) approval.
Results patient selection.
We initially identified 52,963 ICU admissions from the MIMIC-III database. After application of exclusion criteria and removal of multiple ICU admissions, a total of 1,352 CA patients were included for analysis (Fig. 2) . clinical outcomes of the subphenotypes of cA. The hospital mortality rate for the whole cohort was 54%. Profile 2 had the highest hospital mortality rate (76%), followed by Profile 1 (63%) and Profile 3 (48%). The baseline subphenotype (Profile 3) had the lowest mortality rate (48%). Profile 3 had the longest length of stay in both ICU (median: 4; IQR: 2 to 8 days) and hospital (median: 9; IQR: 4 to 17 days). There was no significant difference between profiles in age and gender. Patients from Profile 2 were less likely to be admitted to the coronary care unit (CCU), and Profile 3 was more likely to be admitted to the CCU. Because Profile 2 patients showed a high incidence of circulatory shock, the use of vasoactive agents were, as expected, more prevalent compared to the other three profiles (Table 2) .
Multivariable Logistic regression showed that hospital mortality was significantly different between the three latent profiles (Table 3) . As compared to the Profile 1 subphenotyope, Profile 2 was significantly associated with Figure 3 . Clinical characteristics of the four latent profiles. Z-score was displayed in the y-axis, which was the value centered by the population mean and scaled by standard deviation. The use of Z-score facilitated the comparisons between variables measured at different scales. Abbreviations: aPTT: activated partial thrombin time; INR: international normalized ratio; HR: heart rate; RR: respiratory rate; WBC: white blood cell count; UO: urine output; BP: blood pressure; GCS: Glasgow Coma Scale; SpO 2 : oxygen saturation of pulse oximetry.
. The post-cardiac arrest syndrome comprises of four important components including anoxic brain injury, post cardiac arrest myocardial dysfunction, systemic ischemia/reperfusion response, and persistent underlying precipitating pathology 24, 25 . Our results suggest that these four components do not affect all CA patients equally. For example, the Profile 1 in our study was characterized by predominantly isolated neurological injury, while Profile 2 might be characterized by systemic ischemia/reperfusion response involving multiple organs. Renal dysfunction is an important component in profile 2. It is reported that approximately one in three CA patients may develop acute kidney injury, which has not been consistently found to be associated with mortality outcome [26] [27] [28] . The enrollment period appeared to be different among the latent profiles. While profile 3 patients were more likely to be recruited before 2008, profile 1 (11) 18 (10) 27 (13) 98 (10) TSICU 128 (9) 13 (7) 26 (12) 89 (9) Use of vasoactive agents Dopamine, n (%) 272 (20) 33 (19) 75 (36) 164 (17) <0.001
Epinephrine, n (%) 128 (9) 13 (7) 63 (30) www.nature.com/scientificreports www.nature.com/scientificreports/ patients were more likely to be enrolled after 2008 (p < 0.001). Probably, profile 1 patients were those with severe neurological injury and could not survive to ICU admission in older days. With the development of organ supportive techniques such as extracorporeal membrane oxygenation (ECMO), more CA patients can survive the acute phase of cardiac arrest and being treated in ICU.
Our study showed that the clinical patterns, characteristics and outcomes of CA were heterogeneous. Hence, it would be prudent to enroll CA patients into any clinical trials on CA patients based on their LPA profile to maximize the power of the trials. For example, it will be preferable to enroll only patients fitting into Profile 1 for intervention trials aiming at improving neurological outcomes (e.g. therapeutic hypothermia), and only patients fitting into Profile 2 for testing interventions aiming at improving circulatory perfusion and renal outcomes. Enrolling patients fitting into Profile 2 into trials that test interventions to improve neurological outcomes would potentially reduce the power of the studies, with a higher risk of having false negative results. The analysis notes that patients in profile 3 had the longest length of stay, which is attributable to the fact that patients in the other profiles had higher mortality and thus the length of stay was shorter.
This study has some strengths and weaknesses. This large electronic healthcare database study utilized a large number of clinical variables to separate the CA patients by LPA which has not been done before. The obvious disadvantages are inherent to the nature of a retrospective design. First, the missing data was a problem in the database. Using only cases with complete data in all variables would reduce the sample size substantially. We used multiple imputations to preserve power while accounting for the uncertainty induced by the imputation process 15 . Second, only routinely collected clinical variables were included in the LPA model. Some important clinical information such as ischemic time before restoration of spontaneous circulation, and novel neurological biomarkers including neuron-specific enolase, S100b, liver-specific miR-122-5p and myelin basic protein have not been analyzed in the current study 29, 30 . Because these biomarkers are not routinely used in clinical practice, and their utility to improve any future LPA modelling of CA patients remains uncertain. For a classification system to be adopted for clinical trial purposes, it is important to use clinical and laboratory variables that are routinely collected in most healthcare institutions. Third, our results do not provide any link between any interventions and its effectiveness on mortality outcome. For example, we observed that Profile 2 was associated with the highest mortality rate. Whether any interventions can improve the outcomes of this group of patients remains uncertain, but this merits further assessment by adequately-powered randomized controlled trials. Finally, the current study did not allow to distinguish between intra-hospital cardiac arrest (IHCA) and out-of-hospital cardiac arrest (OHCA). It has been observed that OHCA and IHCA can be quite different in clinical presentations and outcomes 31, 32 .
conclusion
In summary, LPA using routinely collected clinical data could identify three distinct subphenotypes or clinical patterns of CA; those with multiple organ failure were associated with a significantly higher risk of mortality than the baseline subphenotype or neurological injury alone. LPA profiling may help researchers to identify the most appropriate subphenotypes of CA patients for testing effectiveness of a new intervention in a clinical trial.
Data Availability
Data were fully available in the MIMIC website. Table 3 . Multivariable logistic regression model for profile on day 1. Abbreviations: SOFA: sequential organ failure assessment; CCU: coronary care unit; CSRU: cardiac surgery recovery unit; MICU: medical ICU; SICU: surgical ICU; TSICU: Trauma-Surgical ICU; MBP: mean arterial blood pressure.
